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Abstrat
Adult neurogenesis has long been doumented in the vertebrate brain,
and reently even in humans. Although it has been onjetured for many
years that its funtional role is related to the renewing of memories, no
lear mehanism as to how this an be ahieved has been proposed. We
present a sheme in whih inorporation of new neurons proeeds at a
onstant rate, while their survival is ativity-dependent and thus ontin-
gent upon new neurons establishing suitable onnetions. We show that
a simple mathematial model following these rules organizes its ativity
so as to maximize the dierene between its responses, and an adapt to
hanging environmental onditions in unsupervised fashion.
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1 Introdution:
The funtion of the mature brain is not only to be onstantly ready to solve
partiular tasks, but also to learn new ones, adapt to hanges in environmental
onditions, and optimize its omputational resoures aordingly. While synap-
ti hange is regarded as the most ommon form of modiation underlying
plastiity (notably in neural network models), it is by no means the only soure
of funtional hange in the brain. One alternate soure is adult neurogenesis,
i.e. the inorporation of new neurons into neural strutures that have already
passed through development.
It was long thought that neuronal prodution ended soon after birth, fuel-
ing a view of the adult brain as a nalized struture (as far as new neurons
are onerned), with further plastiity onentrated on synapses. It took some
time to realize and demonstrate that neuronal inorporation an, to dierent
degrees, ontinue during the entire life of an animal. De-novo neuronal inor-
poration ontinues in the adult mammalian brain in the dentate gyrus of the
hippoampus, the olfatory bulb and the assoiation ortex [1, 2, 3, 4, 5, 6℄.
Adult neurogenesis also ours extensively in birds and other vertebrates [7, 8℄.
Based on the experimental evidene, it has been onjetured that adult neu-
rogenesis ould be related to brain plastiity and learning [9, 10, 11, 12, 13℄.
However, the funtional mehanism of neuronal replaement remains elusive,
and we do not understand the degree to whih it may supersede, ompete with
or omplement better understood plasti mehanisms. The observation of sea-
sonal hanges of neuronal inorporation and death in anaries, as they renew
their yearly repertoire of songs, has led to the idea that neurons are not in-
denitely plasti but that new neurons are needed for new memories. Despite
the onsiderable interest and importane of the phenomenon, no lear meha-
nism has been desribed through whih this memory renewal proess would be
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implemented.
We desribe here a simple model in whih adult neurogenesis underlies unsu-
pervised learning and adaptation in sensory proessing. We hose the olfatory
bulb (OB) as the neuroanatomial lous of the model, for adult neurogenesis has
been extensively doumented in this system, and the neuronal proessing tasks
are presumably better irumsribed than in other sensory systems [14℄. The
olfatory bulb is the rst realy of the olfatory information. Olfatory reeptor
neurons express a single olfatory reeptor and projet to two glomeruli of eah
bulb in a topographially preise manner [25, 26℄. Eah reeptor may be ati-
vated by more than one odor and eah odor may ativate more than one reeptor
[27, 28℄. Mitral and tufted ells (M/T), the output neurons in the bulb, reeive
their synapti input from the olfatory reeptors within single glomeruli. Odor
information seems to be enoded in the spatial as well as the temporal responses
of M/T ells. Olfatory disrimination is then dependent on the ombinatorial
pattern of ativation of multiple M/T ells. Given the promisuous nature of
olfatory reeptors, the disrimination of odors is importantly dependent on the
tuning of the ombinatorial response of M/T ells.
The ativity of M/T ells is regulated by inhibitory granular ells. Granular
ells are unpolarized neurons that establish inhibitory dendro-dendriti onne-
tions with the M/T ells long seondary dendrites[29℄, and are indeed thought
to play an important role in lateral inhibition and in the tuning of M/T ell
responses to dierent odors [30℄. Eah granule ell onnets to several mitral
ells that an be far away fron eah other given the extensive lenght of their
seondary dendrites. Experimental results indiate that only inhibitory neurons
are replaed in the OB. Whereas M/T ells are born before birth, the large ma-
jority of granular neurons ontinue to be born postnatally and into adult life
[31℄.
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Based on the known anatomy and physiology of the OB, we modelled neuro-
genesis in this struture. It is important to remark that we are not presenting an
exhaustive model of olfation [15℄, whih would require a deliate understanding
of the temporal dynamis of enoding [16℄, but rather using it to demonstrate
the omputational potential of neurogenesis for information proessing.
Model
We base our model on two fundamental observations. First, neuronal produ-
tion in the sub-ventriular zone (SVZ) and migration toward the OB ontinue
even in the absene of the bulb [2℄; this suggests that ell birth and migra-
tion are not dependent on olfation or ativity within the bulb [17℄. Seond,
most newly inorporated neurons die promptly, suggesting that those that do
survive have ahieved some elusive goal [18, 19℄. Neuronal ativity is known
to be neessary for survival during brain development but not for the initial
synapse formation[20, 22℄. Moreover, ativity-dependent mehanisms also seem
to play an important role in the reruitment or survival of postnatally generated
OB interneurons [21, 23, 24℄. These ndings suggest that the survival of the
newly-generated neurons is regulated through ativity.
Thus we postulate the basi mehanism of the model: neuronal inorporation
proeeds at a onstant unregulated rate, whereas neuronal survival is modulated
through ativity-dependent apoptosis. New neurons arrive and establish ran-
dom onnetions; those with useless onnetions fail to partiipate in relevant
proessing and soon die o, but neurons that establish useful onnetions in the
ontext of the network an survive and are therefore inorporated into the nal
struture. Exatly whih feature of neuronal ativity ensures survival an then
ditate the nal funtion of the network.
The simplest model ompatible with the experimental evidene onsists of
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Figure 1: Simplied anatomy of the Olfatory Bulb used in the model. The vetor x
represents the ativity of the reeptor layer R, and y the ativity of the mitral ell layer M/T.
Granular inhibitory ells G establish pairwise onnetions with the mitral ells.
a layer of glomeruli reeiving one-to-one projetions from an input or reeptor
layer and loal lateral inhibition due to granular interneurons. The output of the
system then equals the input minus the eet of inhibitory onnetions between
the outputs:
y(k) = x(k) −Gy(k) (1)
where y(k) is the ativity of the output layer, x(k) is the ativity of the reeptor
layer when presented with input k, G is a matrix giving lateral inhibition, and
(yi is the ativity of glomerulus number i, Fig. 1). Solving for y we obtain
y(k) = (1 +G)−1x(k) (2)
We assume that eah granular ell has onnetions to only two projetion neu-
rons [33℄; therefore, Gij is the density or number of granular neurons onneting
M/T ells (or glomeruli) i and j, so that Gij = Gji ∀i, j (onnetions are sym-
metri) and Gii = 0 ∀i, (there is no self-inhibition). We also assume that the
response of eah M/T ell is normalized by the total number of synapti on-
netions [34℄ and that neuronal responses remain in the linear regime; positive
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or negative ativity should be interpreted in the ontext of a bakground level.
Eq. 3 an then be rewritten as
y
(k)
i =
x
(k)
i −
∑j
Gij(y
(k)
i + y
(k)
j )
1 +
∑
j Gij
whih is expliitly normalized by total synapti weight. We nally assume for
onveniene that the output layer is normalized, ‖ y(k) ‖= 1 ∀k.
We assume that only interneurons are replaed, arriving at a onstant rate
with randomly distributed onnetivity. The regulation of the survival rate of
the interneurons is implemented as a funtion of their ativity, whih indiates
how well they are onneted to ative output ells, so that ative ells survive and
inative ells do not. Our key assumption is that the survival of the granular
ells depends on the produt of the inputs, so that granular ells onneting
glomeruli i and j will survive if the value of yiyj , averaged over the time of
presentation of the entire set of stimuli, is greater than or equal to zero; this
amounts to a somati oinidene rule. Thus, when 〈yiyj〉 ≫ 0 all newly arrived
neurons survive, and so ∆Gij has its full value; while 〈yiyj〉 < 0 results in
massive death and ∆Gij < 0. This leads to a simplied update equation given
by
∆Gij ∼ 〈yiyj〉, (i 6= j) (3)
where 〈〉 denotes the average over the ensemble of inputs k = 1...N . A non-
linearity is introdued through the ondition that G be positive denite, Gij >
0 i 6= j, i.e. the population of granular ells annot be negative.
Results
Based on the previous onsiderations, we implemented a simulation of the pro-
ess of training the network with the ativity based replaement of the inhibitory
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interneurons. The left panel of Fig. 2 shows a set of 10 odors represented as
dierent mixtures of reeptor bindings. The right panel shows the result of
iterating a yle of presentation of the set of odors followed by neuronal replae-
ment on a model network with 10 M/T ells. The result of the update rule
speied by Eq.3 is to orthogonalize the output, whih an be seen by analyzing
the xed point of the system: ∆y = 0 ⇒ ∆Gij = 〈yiyj〉 = 0 ∀i, j and given
the normalization of yi, 〈yiyj〉 ∼ I, where I is the identity matrix. The simu-
lation displays a very sharp orthogonalization of the output vetors, whih an
be further appreiated in the evolution of the response to a single odor (Fig. 3).
The orthogonalization of the output maximizes, to linear order, the separation
between output vetors and is the simplest way of ahieving disrimination. An
orthogonal set of neural responses is robust to the presene of noise beause the
representatives are maximally distant from eah other [35℄. In this ase, an or-
thogonal set of responses from the output of the M/T ell layers orresponds to
the maximal dierene in the the spatial response in the layer for eah odor. So
it is possible to implement a simple algorithm based on neurogenesis and neu-
ronal replaement that ahieves a omplex mapping of input stimuli in neural
spae.
To quantify the orthogonalization proess, we omputed the determinant of
the 10× 10 matrix of odors and M/T ells (see Methods). The evolution of the
determinant and the total number of granular ells inorporated are depited
in Fig. 4, together with the rate of inorporation, as a funtion of the iteration
number.
The other funtional property of the algorithm is its adaptability to hanges
in the input ensemble, i.e. a hange in the set of odors the network is presented
with. This is a feature of paramount importane for early odor sensory proess-
ing, given the intense seasonal hanges produed, e.g., by blooming, migration
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Figure 2: Representation of the smell matrix before and after appliation of the proposed
algorithm. Left panel: an instane of odor ensemble with dierent degrees of mixing between
reeptors. Right panel: result of appliation of the algorithm; the mitral ell layer organizes
to segregate topographially the outputs.
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Figure 3: Evolution of the mitral ell layer response to one odor.
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Figure 4: Evolution of the network. Initially, the mitral ell layer matrix determinant equals
the small odor matrix determinant. As the algorithm advanes, the determinant (irle) as
well as the total number of granular ells in the network (solid line) grow until a plateau
is reahed, after whih the inorporation slows (dotted line, representing the derivative of
granular ell inorporation) and nally approahes zero.
and foraging, and beause the presene of a single odorant in high onentrations
is enough to upset the output of a system like the OB, due to the promisu-
ous nature of the olfatory reeptors. In our model, training is unsupervised,
and onsists simply of exposing the system to the environment until a balane
between ell inorporation and death is established. Continued exposition to
a onstant environment does not result in over-training. If the environment is
hanged, the balane is upset and the system evolves until a new balane is
ahieved. To see how our model opes with a hanging environment, we simu-
lated a periodi renewal of the odor ensemble, on a time-sale similar to that of
the onvergene of the orthogonalization proess. The initial update rule was
modied to inlude a slow death proess,
∆Gij ∼ 〈yiyj〉 − µij (4)
where µij is a stohasti variable representing a onstant rate of unregulated
and non-spei death, independent for eah granular unit, µij = µ̂ ∀ij. The
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results an be appreiated in Fig. 5, whih depits the evolution of the output
determinant, the total number of granular ells, and the number of granular
ells onneted to one arbitrary pair of glomeruli. After the initial rise, the total
number of granular ells remains relatively onstant during ensemble hanges,
whereas any one partiular loation in the granular network utuates more
tightly with the hanges. The orthogonalization proess, although dependent
on the identity of the ensemble, is basially unaeted by the hanges, as the
determinant is inreased several orders of magnitude. Importantly, the non-
spei death term in the update equation, though small, is essential to assure
adaptability. Its absene leaves the network prone to preserve traes of previous
ensembles, whih hinder the apability of orthogonalizing new ensembles (data
not shown).
18 36 54 72 90
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0
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single
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Figure 5: Adaptation of neurogenesis to environmental hanges. Eah tik in the horizontal
axis represents the exposure of the network to a new odor ensemble; the time axis is in a
logarithmi sale whih is reset after eah new exposure. Symbols orrespond to: solid line,
total number of granular ells; irles, number of ells at one arbitrary position in the granular
network; and squares, mitral ell layer matrix determinant.
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Disusion
We have modelled a simplied olfatory bulb iruit based on its known anatomy
and physiology in with granule ells are onstantly replaed. We have shown
that by having the young neurons to onnet randomly and to survive in an a-
tivity dependent basis, as experimental evidene suggests, neurogenesis is apa-
ble of maximazing the disrimination of odors in a unsupervised manner. More-
over, this disrimination task is robust to a hanging environment by adding a
small random ell death rule.
Several physiologial onsiderations are in order here. In the rst plae, the
implementation of the proposed survival rule implies only a loal or somati
omputation [36℄ (for instane, a biohemial mehanism involving a high stoi-
hiometry or ooperative reation, suh as the CamK-II/Ca
++
pathway), and so
requires muh simpler moleular mahinery than synapse-spei modiation
mehanisms [37℄. One may think then that in evolutionary terms, the seletion
of dierent strategies of plasti modiation may depend both on their om-
putational possibilities and on ease of implementation, as well as aessibility:
neurogenesis was already available to build the struture in the rst plae.
The seond onsideration onerns the apparently hazaphardous distribu-
tion of brain areas where adult neurogenesis has been doumented. Although
our model was not intended to solve this puzzle, it suggests a possible answer.
The replaement of entire neurons is a rather violent event, in network terms,
and rather unlike smoother and more gradual rules like Hebbian hanges or
bak-propagation. The relationship between our algorithm and suh gradual
rules is similar to that between Monte Carlo methods and gradient desent. In
the former, the minimization of an objetive or ost funtion is done by ran-
domly searhing the onguration spae and thus avoiding trappings in loal
minima, whereas the latter performs the minimization by downhill desent on
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the steepest diretions of the funtion. In these methods, the dimensionality
and degree of smoothness of the funtion to be optimized plays a substantial
role as to whih performs best. Thus we hypothesize that the dimensionality of
the input in ompetition with the amount of omputational resoures dediated
to a task is what determines the existene of adult neurogenesis. For instane,
in the visual pathway there are several layers of proessing before reahing the
ortex, whereas the OB, whose input spae has an intrinsi high dimensionality
[15℄, projets diretly to the olfatory ortex. If synapti plastiity is imple-
mented by a diusive substane, a trophi fator for instane, then the diusive
proess oupled with the normal exursion of axonal and dendriti extensions
an mislead the guidane proess. This will be partiularly true if very distant
loations in the network must be onneted, a very likely senario in the ase
of olfation, where statistial orrelations in the input do not possess a smooth
topographi projetion, i.e. there is no simple sense of neighborhood. Aord-
ing to this hypothesis, the inorporation of new neurons an be orrelated more
preisely with hanges aeting global aspets of the input statistis.
We have presented the rst mehanisti model in whih adult neurogenesis
provides the saold underlying a omputational task, namely the orthogonal-
ization of the neural responses to hanging odor ensembles. The model predits
the dierential inorporation of neurons in partiular regions of the OB upon
olfatory environmental hanges, the neessity of a bakground of onstant non-
spei ell death, and the existene of a somati survival signal dependent on
ativity. It also suggests that the struture of the input spae determines to
some extent the existene of this mehanism in partiular brain areas, thus
providing a series of preditions for future experimental manipulation.
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Methods
The update of the granular layer was omputed from Eq. 2 with ∆Gij = γ〈yiyj〉
where the average is omputed over the yle of presentations of the odors;
γ = 5 × 10−3 in all simulations. The steady-state solution is omputed for
eah odor, and then normalized to |~y| = 1. The orthogonalization is quanti-
ed in Fig. 4 by omputing the rank-1 determinant ∆O of the output matrix
O = {yk}, where k ranges over the ensemble of odors. In general, ∆A is the
determinant of the largest non-singular submatrix of A, This an be omputed
for any retangular matrix from the singular value deomposition A = UΛV , as
∆ =
∏
Λii 6=0
Λii; in our simulations has always dimension 10. The evolution of
the total number of granular ells in the network shows a monotoni inrease,
although the inorporation rate slows dramatially after the stabilization of the
orthogonalization is reahed. For the purpose of this demonstration, the rate of
non-spei death was kept equal to zero. For the simulation of Eq. 4 depited
in Fig. 5 the random death is dened as a stohasti variable whih an take the
values µ̂ = 5 × 10−3 with probability p = 5 × 10−3 and µ̂ = 0 with probability
1− p in eah iteration of the algorithm.
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